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Abstract
Objective.Electrical impedancemyography (EIM) shows promise as an effective biomarker in
amyotrophic lateral sclerosis (ALS). EIM appliesmultiple input frequencies to characterisemuscle
properties, often viamultiple electrode configurations. Herein, we assess if non-negative tensor
factorisation (NTF) can provide a framework for identifying clinically relevant features within a high
dimensional EIMdataset.Approach.EIMdata were recorded from the tongue of healthy andALS
diseased individuals. Resistivity and reactivitymeasurements weremade for 14 frequencies, in three
electrode configurations. This gives 84 (2× 14× 3) distinct data points per participant. NTFwas
applied to the dataset for dimensionality reduction, termed tensor EIM. Significance tests, symptom
correlation and classification approaches were explored to compareNTF to using all raw data and
feature selection.MainResults.Tensor EIMprovides highly significant differentiation between healthy
andALS patients (p< 0.001, AUROC= 0.78). Similarly tensor EIMdifferentiates betweenmild and
severe disease states (p< 0.001, AUROC= 0.75) and significantly correlates with symptoms (ρ= 0.7,
p< 0.001). A trend of centre frequency shifting to the right was identified in diseased spectra, which is
in linewith the electrical changes expected followingmuscle atrophy. Significance.Tensor EIM
provides clinically relevantmetrics for identifying ALS-relatedmuscle disease. This procedure has the
advantage of using thewhole spectral dataset, with reduced risk of overfitting. The process identifies
spectral shapes specific to disease allowing for a deeper clinical interpretation.
1. Introduction
Anumber of studies have demonstrated the potential of electrical impedancemyography (EIM) as a biomarker
for neuromuscular disease. A range of outputs have been reported for identifying disease-related change. These
include phasemeasurements at single frequencies (Rutkove et al 2007, Shellikeri et al 2015,Mcilduff et al 2017),
phase ratios (Schwartz et al 2015, Li et al 2016, Rutkove et al 2017) andmultiple frequency phase values
incorporated throughmachine learning algorithms including support vectormachine (Srivastava et al 2012) and
wrapper feature selectionmethods (Alix et al 2020, Schooling et al 2020). Recent developments have included
spectral recordings over a range of input frequencies and increasingly complex electrode arrays capable of
interrogating tissuewithmultiple electrode configurations (Alix et al 2020, Schooling et al 2020, Luo et al
2020, 2021). The resulting data can achieve amore detailed assessment ofmuscle disease but are complex and
high dimensional. Having a simple quantitative output is key for progression in the development of EIMas an
effective biomarker (Sanchez et al 2020).
Amyotrophic lateral sclerosis (ALS), which causes progressivemuscle weakness, is one example of a
neuromuscular condition in need of an effective, simple to use bedside biomarker of disease. This is particularly
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Bulbar involvement is a relatively specific feature of ALS (Jenkins et al 2016) and is associatedwith a poor
prognosis. TheALSFRS-R (ALS Functional Rating Scale—revised) bulbar subscore andmeasurements of
tongue strength are themain tools used formonitoring bulbar progression. However, they lack sensitivity in
slower disease progression aswell as in the earlier and later stages of disease (Rutkove 2015). Furthermore the
ALSFRS-R is subjective (Rutkove 2015), while strength testing is effort dependent and does not evaluate bulbar
weakness effectively (Rutkove 2015). Hence, the development of a new objective and sensitive biomarker would
be of great benefit.
The tongue is an extraordinarily complexmuscle, withfibres running throughmultiple planes (Gilbert and
Napadow2005,Gaige et al2007). Thus, assessment ofmuscle impedance in a number of different directions using
multiple frequencies should encapsulatemaximal information.However, a potential problem lies in interpreting
this large amount of data to give anobjectivemeasure of disease. Thus, decomposition of the data is required in
order to drawout themost important features and facilitate interpretation/graphical representation.Our previous
work (Alix et al2020, Schooling et al 2020)has usedwrappermethods for feature selection inorder to determine
the specific frequencies to select for use in classification analysis.However, this has the disadvantage of being
computationally expensive (Chandrashekar and Sahin 2014), particularly ifwewant to consider all dimensions in
thedataset.
This study explores theuse of an alternative analysis technique, non-negative tensor factorisation (NTF), on the
sameEIMtongue dataset. This approach involves computing aparts-based representationof thedata, resulting in
low-rank approximations.NTF is effective at exposing the latent structures in highdimensional data and can extract
the essential features (Chandrashekar and Sahin 2014). This study is thefirst to present the applicationofNTF inEIM
data, however promise has previously been shown in its application to several biomedical signal studies including
EEG (Escudero et al2015),mass spectrometry imaging (Aram et al2015) and surfaceEMG (Xie and Song2013,
Ebied et al2017,Akmal et al 2019). The advantage of considering thedata as contributions of different spectral shapes
is the increased insight into the clinical interpretationof the spectral contributions between the different disease
states.Here, the non-negativity constraint is key for providingphysically interpretable outputs. Alternative
dimensionality reduction techniques such as principal component analysis, the L2Euclideannormand feature
selectiondonot have the samephysical interpretability. A further advantage toNTF is the capability of dealingwith
missingdata for example, it has beendemonstrated that aParallel FactorAnalysis (PARAFAC)model canbe
correctly determined evenwhenup to 70%of thedata aremissing (Tomasi andBro 2005).
In this study our aimswere to assess if dimension reduction throughNTF could deliver features to
discriminate between patients and healthy participants and to explore their correlation to patient symptoms.
Our hypothesis was thatNTFwill provide successful classification, and provide a comprehensive analysis of how
the spectral pattern varies with disease severity, allowing a clinical interpretation. Results were compared to the
performance of single frequency raw features and the L2 norm and the limitations of eachmethod are discussed.
For simplicity wewill refer to this process of dimensionality reduction throughNTF as tensor EIM.
Figure 1. (a)Histograms showing the distribution of the 33 patients ALSFRS-R bulbar subscore, Tongue Strength and scores on the
clinical signs of wastingweakness and fasciculations. (b)Description of clinical examination scoring. Experienced physician (JJPA,
CMJ, PJS) scored each category (wasting, weakness and fasciculations). The overall clinical score (CS) is then calculated as the sumof
the three scores.
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2.Methods
2.1. Patient symptom score
Tongue strength (TS) recordings were undertaken in each participant using quantitativemuscle testing system
(AverilMedical), coupled to the IowaOral Performance Instrument (Shellikeri et al 2015, Easterling et al 2013).
Additionally, all patients had their ALSFRS-R bulbar subscore taken, as well as a clinical score (CS) based on a
senior clinician’s observation of tonguewasting, weakness and fasciculations (see figure 1).
In order to provide a comprehensive assessment of the overall severity of each patient’s symptoms, all three
measures of disease (TS, ALSFRS-R andCS)were combined to create an overall symptom score. This was
calculated by normalising both the tongue strength (TS→ TSN) and clinical score (CS→ CSN) to give a value
distributed between 0 and 12, with a lower value representingmore severe disease.
Theoverall symptomscorewas then calculated as the sum (ALSFRS-R+TSN+CSN),which is distributed
between0and36.Through the analysis patients are split into the categories ofmild and severe symptom,where an
overall symptomscore22determinesmild symptoms (20patients) and<22determines severe symptoms (13
patients).
2.2. Rawdata description
This paper details further analysis of a tongue impedance dataset previously described inAlix et al (2020),
Schooling et al (2020). In the present work, we utilised data obtained fromplacement of the novel tongue EIM
probe in themidline of the tongue (‘central placement’) and restrict our analyses to 3D electrode configurations
(see figure 2(a)), since they achieve the highest classification performance (Alix et al 2020, Schooling et al 2020).
The present data are thus obtained from33 patients withALS (mean age 61, 58%male) and 28 healthy
volunteers (mean age 53, 50%male).
Each impedancemeasurement (Z)was taken for 14 frequencies ( f ) starting at 76 Hz and doubling each step
up to amaximumof 625 kHz. This frequency range has been utilised in othermucosal surface based
applications of impedance spectroscopy (Jokhi et al 2009,Hillary et al 2020, Anumba et al 2021). Impedance is a
complex quantity and is separated into real and imaginary parts asZ( f )= R( f )+ jX( f ), withR( f ) being the
resistance andX( f ) being the reactance. The impedance values are calibrated to return the volume independent
impedivity (such named volume conduction properties (VCPs) in Sanchez et al (2020), Luo et al (2021)). The
resistivity (ρ) and reactivity (χ) are calculated as:
Figure 2. (a)Current injection and voltage read-out electrodes used for each 3D electrode configuration. (b)Median impedance
spectra for the healthy cohort,mild ALS group and severe ALS group. It is clear that on average there is little discrepancy between the
healthy andmild spectral patterns, while the severe spectra demonstrates a distinct shift to the right, with an increase inmagnitude at
the low-frequency end and a decrease in phase at the high-frequency end.
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For analysis of the rawdata the impedance phase is chosen. The full set of raw features is summarised into
one score using the L2 Euclidean norm,which is calculated as the square root of the sumof the squared values
across all frequencies ( fi) and configurations (E). Additionally this is normalised by themedian phase value for




























Data collectionwas repeated for each recording, and a high reproducibility has been demonstrated across the
full frequency range (all ICC 0.73, see appendix, table A1). These arewithin the range previously reported in
tongue and limbmuscle EIM (Mcilduff et al 2017, Rutkove et al 2017).
2.3. NTFprocedure
NTF is a process of approximating anN-order tensor as sumof R rank-1 tensors formed by the outer products of
N vectors. Including our chosen recording paradigms, each participant dataset contains 84 data points (14
resistivities and 14 reactivities, for the 3 electrode configurations).
2.3.1. Rank selection
The rank choice was determined by comparing the error on the reconstructed datawith the variability between
repeatmeasurements. The frequency dependent 95th percentile in resistance and reactance ( ( ) fR i and ( ) fX i ,
see appendix, figure A1)was used as the acceptable variation at each frequency when assessing the acceptability
of the reconstructed data.
For each reconstructed spectra the rootmean square deviation (RMSD) between the original data and its
reconstructionwas calculated, normalised by the 95th percentile variation:
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where {R( f ),X( f )} define themeasured dataset, and { ( ) ( )}¢ ¢R f X f, define the reconstructed dataset.
Acceptable variation for the reconstructed spectra is defined byRMSD 1. The probability that a given
reconstructed spectra will fall in the acceptable range for a given rankR (γ(R)) is characterised by the proportion
of spectra to be acceptably reconstructed. The rankwas selected as the lowest value satisfying γ(R)= 1, i.e. 100%
of spectra reconstructed inside the acceptable range.
2.4.Data transformation
Before applying the tensor decomposition the original dataset was transformed. Thismust be done tomeet the
non-negativity requirement ofNTF. Additionally, we normalise the data to give an equal contribution from each
frequency.
The reactivity dataset, {χ( f )} ismostly negative with a small number of positive values in the lower
frequency range. To transform the reactivity dataset all data were shifted by a set value at each frequency so that
themaximum reactivity value becomes zero, and then divided by themedian value at that frequency. This
returns a normalised non-negative output. The resistivity dataset, {ρ( f )} is by definition already non-negative,
however for consistency the same transformationwas applied here. All data were shifted so that theminimum
resistivity value becomes zero, and subsequently divided by themedian value at that frequency
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Theminimum,maximumandmedian values are calculated over the entire dataset at each frequency.
Following the tensor factorisation the inverse transformations are applied to the outputmodes. This returns
the complex impedivity, comprising positive resistivity but negative reactivity when inverse transformation adds
a negative subtracted value.
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2.4.1. Optimisation algorithm
The tensor factorisations are approximated usingCANDECOMP/PARAFAC (Carroll andChang 1970,
Harshman 1970) (orCP) decomposition via alternating least squares (Kolda andBader 2009). Let us define
tensor Î ´ ´ I J K, where the three dimensions describe the 28 features of eachmeasurement (I= 28), the 3
configurations (J= 3) and the 33+ 28 participants (K= 61). The decomposition is:
◦ ◦ ( )å» ¢ = Î Î Î
=





The factormatrices refer to the combination of vectors from rank-one components, i.e.A= [a1 a2L ar] and
likewise forB andC. Alternatively, (6) can bewritten using the notation for theKruskalOperator (Kruskal 1977,
Kolda 2006):
◦ ◦ ( ) å =
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The goal is to compute aCPdecompositionwithR components that best approximates our original input
tensor. This is done byminimising the reconstruction error,  :
( ) ¢ = = - ¢
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The alternating least squares procedure begins by initialising all the factormatrices with randomvalues.
Considering the third-order example the approachfixesB andC to solve forA, thenfixesA andC to solve forB,
thenfixesA andB to solve forC. This procedure was repeated until the convergence criterionwasmet, where the
absolute difference between the current error and previous error is less than 10−10.
2.5. Significance testing, correlation analysis and classification
The data are not parametrically distributed, therefore theMann–WhiteneyU test was applied for significance
testing. False discovery rate (FDR) correctionwas appliedwhenmultiple features are compared using the
Benjamini–Hochberg procedure. The assessment of correlationwas undertaken using the Spearman rank-order
correlation coefficient (ρ), which is a nonparametricmeasure of themonotonicity of the linear relationship
between two datasets. The p-value indicates an estimated value for the probability of an uncorrelated system
returning datasets with a correlation at least as extreme as the one determined. Significance testing and
correlation assessmentwas undertaken using pythonwith SciPy statistics (Bressert 2012).
Classification assessment wasmade for three different classifiers; k-nearest neighbours (KNN)
(Cunningham andDelany 2020)with k set to 3; Support VectorMachine (SVM) (Suthaharan 2016)with radial
basis function kernel; andRandomForest (RF) (Breiman 2001)with 10 trees. Tominimise overfitting 4-fold
cross-validationwas applied.When applying feature selection a forward selectionwrappermethodwas used
Figure 3. (a)The threeNTF spectralmodes, a1, a2, a3. (b)Boxplots showing each participant factor (c1, c2, c3), which are a
quantification of the contribution of each respective spectralmode in the individuals data, as well as the combined tensor EIMmetric
(a linear combination of the three factors). Presented for both the patient group (red) and the healthy group (blue). Crosses indicate
data outliers.
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with nested cross-validation. All classification analysis was undertaken using pythonwith Scikit-learn
(Pedregosa et al 2011).
3. Results
Median spectra frompatients and healthy volunteers demonstrate clear differences in the overall spectral shapes
(see figure 2(b)). Tensor EIMwas applied to quantify this difference in spectral shape between participants.
Following the rank selection procedure a rank of 3was selected, this gives a compression ratio of 19:1. The three
spectralmodes output from this decomposition are presented infigure 3(a).
3.1. Patient versus healthy assessment
The contributions in the patient cohort and healthy cohort are assessed for the three spectralmodes (c1, c2, c3) as
well as for a combinedmetric, termed tensor EIM, which is defined by 0.2× c1− 0.9× c2+ 0.1× c3. Boxplots
for these distributions are shown infigure 3(b).
It is clear that thefirst and thirdmode generally contributemost significantly in the patient cohort, while the
secondmode contributesmost in the healthy cohort. This agrees with the general trend identifiedwhen the raw
datamedian spectral patterns are assessed (see figure 2(b)). The significance in the healthy/patient split for each
metric was calculated using theMann–WhitneyU test, and the corresponding p-values are reported in table 1.
These are compared to the rawdata L2-norm and the best performing single frequency across all frequencies and
electrode configurations. The tensor EIMmetric comprises all the spectral information and performs better
than the previously used L2 norm. A single frequency separates the patient and healthy groupswith similar high
significance, howeverNTF outputs increase sensitivity when comparing healthywithmild patients.
The patient diagnosis classification performance is summarised in table 2, which incorporates results from
three classifiers (KNN, SVMandRF). This was repeated for all tensor EIM features, all raw data features andwith
wrapper feature selection applied to the rawdata features. Performance is optimal whenwrapper feature
selectionwas applied. Yetwhen all features of the dataset were included, the tensor EIMprocess demonstrated
an improvement (best withKNN, AUROC= 0.78).
EIM recordings from limbmuscles generally began at approximately 10 kHz due to electrode artefacts
relating to keratinised skin (Martinsen et al 1997).Mucosal surface recordings, like those from the tongue, are
reported at lower frequencies, in ranges similar to those presented here (Lackovic and Stare 2007, Cheng et al
2010, Sun et al 2010,Murdoch et al 2014). In order to assess the robustness of the low frequency EIMdata, these
analyses were repeated after removing the bottom two frequencies. These results are presented in appendix,
figure A2. Comparing theNTF spectralmodes to the full frequency rangemodes infigure 3(a) it is clear that the
shapes of the spectra are completelymaintained. The significance of splitting of the parameters between healthy
and disease is also comparable with tensor EIM consistently giving highly significant p-values. The patient
classification performance are also very similar (AUROC= 0.77 truncated, 0.78 full range). Overall, this
consistency in the pattern of spectralmodes and general performance indicates that the lower power spectra are
neither dominant nor unreliable.
Table 1.Mann–WhitneyU test p-value for separation between all patients and
healthy participants aswell as justmild patients and healthy participants.
Shown for the threeNTFmodes, the combined tensor EIMand the raw data










NTFOutputs c1 <0.001 0.009 <0.001
c2 <0.001 <0.001 <0.001
c3 0.20 0.165 0.002
Tensor EIM <0.001 <0.001 <0.001
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3.2. Patient severity assessment
EIMcan be used to help predict the severity of a patient’s disease. This was assessed by looking at the ability of
different approaches to data analysis to differentiate between the severe andmild patient cohort, as well as in the
correlation performancewith the overall symptom score.
Figure 4(a) demonstrates a highly significant correlation of the tensor EIMmetric with patient symptoms.
This is the best performancewhen compared to both the individual NTF factors and the raw datametrics
(figure 4(b)). Correlation performancewith the ALSFRS-R bulbar subscore is shown in appendix, table A2 and
was similar. Further, theMann–WhitneyU test significance values for the separation between severe andmild
patients are highly significant for tensor EIMand individual factor c2. These outperformboth the rawdata L2
norm and the best single frequency.
An analogous classification assessment to that presented in section 3.1wasmade for the classification
betweenmild and severe patients (table 3). Here, the best performance occurs for tensor EIM features (RF,
AUROC= 0.75).
Again this analysis is repeated for the truncated frequency range as shown in appendix,figure A3. The results
show comparable performance in terms of correlationwith symptoms (ρ=−0.66 truncated,−0.70 full range)
aswell as classification power betweenmild and severe patients (AUROC= 0.73 truncated, 0.75 full range).
3.3. Clinical interpretation
Two spectralmodes can be identified from the tensor EIMmetric, which can be thought of theALS patient
contribution and the healthy volunteer contribution. These are derived from the combination of spectralmodes
which contribute positively in the calculation of the tensor EIMmetric (red spectra in figure 5(a)), and themodes
which contribute negatively (blue spectra in figure 5(a)). On thewhole, patients see a larger contribution from
the red spectra in their decomposition, while healthy participants see a larger contribution from the blue.
Likewise, the correlation seen in 4(a) demonstrates that as patient disease severity worsens, their contribution
from the red spectra will increase and blue spectrawill lessen.
In order to gain a clinical interpretation of what EIMdata aremeasuring, these spectral patterns arefit to a
lumped circuitmodel using the LT-Spice simulator. Figure 5(b) shows this circuit, whichwas built to represent a
Figure 4. (a) Scatter graph of Tensor EIMagainst overall symptom score shows significant correlation. (b)Mann–WhitneyU test p-
value for separation betweenmild and severe patients; Spearman correlation results for correlationwith the overall symptom score.
Shown for the threeNTFmodes, the combined tensor EIM and the raw data L2 norm and best single frequency.
Table 2.Patient classification performance using three classifiers (KNN, SVF, RF) on tensor EIM features, all raw data features andwith
wrapper feature selection applied.
Classifier AUROC Sensitivity Specificity
All tensor EIM features KNN 0.78 0.70 0.86
SVM 0.76 0.73 0.79
RF 0.76 0.73 0.79
All raw features KNN 0.67 0.73 0.61
SVM 0.67 0.64 0.71
RF 0.76 0.73 0.79
Wrapper feature selection KNN 0.84 0.89 0.79
SVM 0.83 0.89 0.76
RF 0.74 0.78 0.70
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simplifiedmuscle cell structure. Both the healthy impedance spectra and the ALS impedance spectra are fit to
thismodel (see appendix,figure A4 formodelfit and parameters). The circuit parameter changes observedwhen
moving from the healthy to diseasedmode are characterised by an increase in extracellular resistance and a
decrease in intracellular resistance and capacitance. These changes are in keepingwith the known effects of
muscle atrophy (see discussion).
4.Discussion
In this paper we have developed an approach to analysing high dimensional EIMdata, whichwe term tensor
EIM. The tensor EIMmetric both separates patients fromhealthy participants and correlates well with clinical
symptoms. Tensor EIMencapsulates all the information from the impedance dataset and captures the intrinsic
Figure 5. (a) Spectral patternwhich contributesmost significantly in healthy participants (blue) and that which contributesmost
significantly inALS patients (red). (b) Lumped circuitmodel representative ofmuscle, where extracellular resistors (Re) illustrate
extracellular space remodeling, the intracellular resistors (Ri) are synonymous to internal cell resistance, and capacitors (C) describe
the cellmembrane. Themodel was fit to the healthy andALS patient spectral shapesfigure 2(b) and corresponding changes to the
circuit parameters with disease progression are shown.
Table 3. Severe/mild patient classification performance using three classifiers (KNN, SVF, RF) on tensor EIM features, all rawdata features
andwithwrapper feature selection applied.
Classifier AUROC Sensitivity Specificity
All tensor EIM features KNN 0.72 0.69 0.75
SVM 0.64 0.38 0.9
RF 0.75 0.69 0.80
All raw features KNN 0.65 0.69 0.60
SVM 0.67 0.54 0.80
RF 0.66 0.46 0.85
Wrapper feature selection KNN 0.72 0.60 0.84
SVM 0.70 0.65 0.75
RF 0.55 0.27 0.83
8
Physiol.Meas. 42 (2021) 105004 CNSchooling et al
symmetry of the impedance data, the compression ratio of 19:1 implies a high amount of redundancy in the
dataset. Hence, NTF can significantly reduce the dimensionality of the data without losing important
information. Further, the capacity ofNTF to deal withmissing datamakes it opportune for the use of analysis in
clinical trials, where it is possible that some recordings will be unsuccessful.
While the classification performance of wrapper feature selection outperforms tensor EIM in the patient
versus healthy classifier, it is important to consider the limitations of applying an exhaustive search feature
selection on the dataset. These include it being a computationally expensive process and having a tendency for
overfitting (Loughrey andCunningham2004) ormissing potentially insightful features of the dataset. Despite
using a nested cross validation to reduce overfitting, analysis of the features selected (see appendix, table A3)
shows a large amount of inconsistency in the features, withmost only appearing 25%of the time (i.e. in one of
the four folds of the cross-validation). This suggests the feature selection is generally overfitting to each fold of
the data and overall does notmake a definitive decision onwhich features are best. Similarly selection of a best
frequency for significance testing is also prone to overfitting, evenwhen FDR correction is applied. By contrast,
the tensor EIMprocess incorporates the information of the full dataset and consistently outperforms
classificationwith the full set of raw features. In addition, unlike wrapper feature selection, tensor EIM is an
unsupervisedmethod, which identifies patterns in the dataset without bias.
This analysis considers a high dimensional EIMdataset over a broader range of frequencies thanmost
previous limb studies (Rutkove et al 2007, 2017, Schwartz et al 2015). In the case of limb impedance recordings
low frequencymeasurements can be unreliable and corrupted by artefacts, since keratinised skin causes
measurement errors below 10 kHz.However, onmucosal surfaces such as the tongue, where there is no
keratinised epithelial layer, low frequency impedance assessment can be implemented successfully (Lackovic
and Stare 2007, Sun et al 2010, Cheng et al 2010, Lackovic and Stare 2007,Murdoch et al 2014). The use of low
and high frequency EIMdata in tandemhas advantages such as capturing information of the sizes of both the
intra-cellular and extra-cellularfluid spaces (Dittmar 2003). By repeating the analysis on a truncated frequency
range using data305 Hzwe have demonstrated that our low frequency data are reliable and do not dominate
or skew results. Comparison of the performances between using the full frequency range (sections 3.1 and 3.2)
and the truncated range (appendix,figures A2 andA3) suggests a small improvement when including the lowest
frequencies. This could be tested on a larger patient cohort for validation, in order tomake a full assessment of
the additional value of including the low frequency data. In addition to the effects on performance, using a larger
range of frequency inputs providesmore information to improve the accuracy of lumped circuitmodels.
One considerable benefit to this type of analysis is the improved interpretability, since the procedure details
the contributions of different spectral shapes across the cohort, which can be fed into lumped circuitmodels.
The consistent trendwhenmoving fromhealthy to diseased spectra was identified as a shift in the centre
frequency to the right, an increase inmagnitude at low frequencies and a smaller phase at high frequencies.
Using lumped circuitmodelling these spectral changes are consistent with the histological changes associated
withmuscle atrophy and denervation. These include an increase in extracellular resistance due to remodelling of
the extracellular space with connective tissue and fat (Jenkins et al 2018), a reduction inmembrane capacitance
due tomuscle cell atrophy (Al-Sarraj et al 2014), and a smaller decrease in intracellular resistance due to
increased cellmembrane permeability and intracellular ionic content (Cisterna et al 2020).
In bulbar disease inALS, amixture of clinical signs related to both upper and lowermotorneurone loss are
typically seen (Tomik andGuiloff). At present there are only a few studieswhich examine EIMchanges inupper
motorneurone conditions. EIMassessment in stroke patients demonstrate a reduction inphase angle at 50 kHz
(Li et al2017) and 100 kHz (Hu et al 2019), this is in agreementwith changes observed inALS (Rutkove et al 2007).
Further, studies of stroke related skeletalmuscle changes reportmyofiber atrophy,which include a reduction in
muscle area and volume, decreasing bilateralmusclefibre size and a reduction in the number ofmotor units
(Hafer-Macko et al2010,Dalise et al2020, Sions et al2012). Additionally,fibre type changes are identified;with the
number of type IIfibres progressively decreasing (Hafer-Macko et al2010, Sions et al 2012). This suggests that
perhaps bothupper and lowermotor neurone degeneration cause similar changes to a patientʼs EIM, however
furtherwork is needed to assess these changes in themulti-frequencyEIMspectral pattern.
When assessing the correlation of our impedancemetrics with the overall symptom score wemust
appreciate that current biomarkers for disease are subjective and lacking in sensitivity (Rutkove 2015). So, while
a perfect correlation is not expected, the optimal correlation foundwith tensor EIM is promising.When
comparing the correlations with the overall symptom score (figures 4(a)) to the correlationswith the ALSFRS-R
bulbar subscore (appendix, table A2), it is clear that the overall symptom score generally correlates better.
Combining all known symptom information into one score should arrive at amore holistic appreciation of the
disease state; the better correlation of EIM features with such a score offers encouragement that these are
capturing amore complete representation of the disease state.
Identifying the spectral differences between healthy and patientmuscle is key to understanding impedance
changes with progressing disease. The use of impedivity, also termedVPCs (Sanchez et al 2020, Luo et al 2021),
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means that the disease associated spectral patternsmay be applicable to other impedance systems and, perhaps,
othermuscles. As a starting point, an examination of longitudinal changes will determine if similar patterns
emerge in the change of the impedance spectrawith time, with the potential for determining ametric which
sensitivelymonitors disease progression.
5. Conclusion
In this paper we demonstrate that the features output from tensor EIMcan yield a high performance in disease
classification and show significant correlationwith disease severity. The procedure identifies the common
spectral shapes in the healthy cohort and in patients, which allows the key spectral characteristics of disease to be
determined. Applying lumped-circuitmodelling demonstrates changes to the electrical properties that are
consistent withwhat onewould expect followingmuscle atrophy. Tensor EIMgives the best correlationwith
symptoms and has benefits including reduced likelihood of overfitting, the ability to deal withmissing data and
physically interpretable outputs. Overall, tensor EIMcaptures the spectral structures associatedwith disease and
provides a simple quantitative output thatmay be useful in further developing EIMas a biomarker for ALS.
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Appendix Tables
Figure A1.Variation between two repeatmeasurements on the same participant in resistivity and reactivity, normalised by themedian
at each frequency. The 95th percentile (R and X ) are used in the criteria for rank selection.
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Figure A2.Diagnostic tensor EIM results using truncated frequency range starting at 305 Hz. (a)The threeNTF spectralmodes. (b)
Mann–WhitneyU significance test results comparing patients with healthy participants for the threemodes and the combined tensor
EIM. (c)Patient versus healthy classification performance with all NTF features applied to the three different classifiers.
Figure A3.Prognostic tensor EIM results using truncated frequency range starting at 305 Hz. (a)Correlation performancewith overall
symptom score. (b)Mild versus severe classification performance with all NTF features applied to the three different classifiers.
TableA1. Intraclass correlation coefficient (ICC) for reproducibility of phase recording at each frequency. Values are comparable to tongue
and limbEIM studies fromother groups (Mcilduff et al 2017, Rutkove et al 2017).
f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12 f13 f14
ICC 0.75 0.73 0.79 0.82 0.85 0.87 0.89 0.89 0.82 0.82 0.88 0.90 0.87 0.86
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Figure A4. LT-Spice lumped circuitfit results for the healthy spectral pattern andALS disease spectral pattern.
Table A2.ALSFRS-R bulbar subscore correlations. Spearman
correlation results for the threeNTFmodes, the combined






NTF c2 0.57 0.006
Outputs c3 −0.30 0.094
Tensor EIM −0.59 <0.001
Raw L2Norm −0.46 0.008








AkmalM, Zubair S, JochumsenM,Kamavuako ENandNiazi I K 2019A tensor-basedmethod for completion ofmissing electromyography
data IEEEAccess 7 104710–20
Alix J J P,McDonoughHE, Sonbas B, French S J, RaoDG, KadirkamanathanV,McDermott C J, Healey T J and ShawP J 2020Multi-
dimensional electrical impedancemyography of the tongue as a potential biomarker for amyotrophic lateral sclerosisClin.
Neurophysiol. 131 799–808
Al-Sarraj S et al 2014Mitochondrial abnormalities and low grade inflammation are present in the skeletalmuscle of aminority of patients
with amyotrophic lateral sclerosis; an observationalmyopathology studyActaNeuropathol Commun. 2 165
AnumbaD,Healey J T,Dixon S andBrownBH2021The value of cervical electrical impedance spectroscopy to predict spontaneous
pretermdelivery in asymptomatic women: the ECCLIPPx prospective cohort studyUltrasoundObstet Gynecol 58 293–302
AramP, Shen L, Pugh J A, Vaidyanathan S andKadirkamanathanV 2015An efficient TOF-SIMS image analysis with spatial correlation and
alternating non-negativity-constrained least squaresBioinformatics 31 753–60
BenatarM, BoylanK, JerominA, Rutkove S B, Berry J, AtassiN andBrujin L 2016ALS biomarkers for therapy development: state of thefield
and future directionsMuscle Nerve 53 169–82
Breiman L 2001Random forestsMach. Learn. 45 5–32
Bressert E 2012SciPy andNumPy: an overview for developers (Sebastopol, California: O’ReillyMedia)
Carroll J D andChang J J 1970Analysis of individual differences inmultidimensional scaling via anN-way generalization of Eckart–Young
decompositionPsychometrika 35 283–319
ChandrashekarG and Sahin F 2014A survey on feature selectionmethodsComput. Electr. Eng. 40 16–28
ChengCT-S, SunT-P andHuang S-H2010Apreliminary study of the use of bioimpedance in the screening of squamous tongue cancer Int.
J. Nanomed. 5 213–20
Cisterna BA et al 2020Active acetylcholine receptors prevent the atrophy of skeletalmuscles and favor reinnervationNat Commun. 11 1073
CunninghamP andDelany S J 2021 k-Nearest neighbour classifiers - ATutorialACMComputing Surveys 54 1–25
Dalise S, Azzollini V andChisari C 2020 Brain andmuscle: how central nervous systemdisorders canmodify the skeletalmuscleDiagnostics
10 1047
DittmarM2003Reliability and variability of bioimpedancemeasures in normal adults: effects of age, gender, and bodymassAm. J. Phys.
Anthropol. 122 361–70
EasterlingC, Antinoja J, Cashin S andBarkhaus P E 2013Changes in tongue pressure, pulmonary function, and salivary flow in patients with
amyotrophic lateral sclerosisDysphagia 28 217–25
EbiedA, Spyrou L, Kinney-Lang E and Escudero J 2017On the use of higher-order tensors tomodelmuscle synergies 2017 39th Annual Int.
Conf. IEEE Engineering inMedicine and Biology Society (EMBC) (Seogwipo) pp 1792–5
Escudero J, Acar E, FernándeA andBroR 2015Multiscale entropy analysis of resting-statemagnetoencephalogramwith tensor
factorisations inAlzheimer’s diseaseBrain Res. Bull. 119 136–44
Gaige TA, Benner T,WangR,WedeenV J andGilbert R J 2007Three dimensionalmyoarchitecture of the human tongue determined in vivo
by diffusion tensor imagingwith tractography J.Magn. Reson. Imaging 26 654–61
Gilbert R J andNapadowV J 2005Three-dimensionalmuscular architecture of the human tongue determined in vivowith diffusion tensor
magnetic resonance imagingDysphagia 20 1–7
TableA3. Features selected in nestedwrapper. (a) For classification
betweenALS and healthy. (b) For classification betweenmild and severe
disease. The frequency gives the proportion of times each feature was
selected in the four-fold cross validation.
Classifier Frequency Features
KNN 25% 3D1: f10, f12, 3D3: f9, 3D4: f7
50% 3D4: f13
75% 3D4: f12
SVM 25% 3D1: f6, f8, 3D3: f12, 3D4: f1, f6, f8, f14
50% 3D1: f7, f12, 3D4: f12, f13
RF 25% 3D1: f1, f3, f7, f11, f14, 3D3: f12, 3D4: f11
50% 3D1: f6, 3D3: f13, 3D4: f12
(a)
Classifier Frequency Features
KNN 25% 3D1: f11, 3D3: f7, f11
50% 3D1: f10, 3D4: f7
SVM 25% 3D1: f1, f2, 3D3: f5, f12, 3D4: f5, f7, f8, f9
50% 3D1: f10




Physiol.Meas. 42 (2021) 105004 CNSchooling et al
Hafer-MackoCE, RyanA S, Ivey FMandMacko R F 2010 Skeletalmuscle changes after hemiparetic stroke and potential beneficial effects of
exercise intervention strategies J. Rehabil. Res. Dev. 45 261–72
HarshmanRA1970 Foundations of the parafac procedure:models and conditions for an ‘explanatory’multi-modal factor analysisUCLA
Working Pap. Phonetics 16 1–84
Hillary S L et al 2020Use of electrical impedance spectroscopy for intraoperative tissue differentiation during thyroid and parathyroid
surgeryWorld J. Surg. 44 479–85
HuC,HuH,Mai X, LoWLA and Li L 2019Correlation betweenmuscle structures and electrical properties of the tibialis anterior in
subacute stroke survivors: a pilot study Front. Neurosci. 13 1–12
Jenkins TM et al 2016The role of cranial and thoracic electromyographywithin diagnostic criteria for amyotrophic lateral sclerosisMuscle
Nerve 54 378–85
Jenkins TM et al 2018 Imagingmuscle as a potential biomarker of denervation inmotor neuron disease J Neurol. Neurosurg. Psychiatry 89
248–55
Jokhi R P, Ghule VV, BrownBH andAnumbaDO2009Reproducibility and repeatability ofmeasuring the electrical impedance of the
pregnant human cervix-the effect of probe size and applied pressureBiomed EngOnline 8 10
Kolda T 2006MultilinearOperators forHigher-Order Decompositions (Albuquerque,NewMexico: SandiaNational Laboratories)
SAND2006-2081
Kolda T andBader B 2009Tensor decompositions and applications SIAMRev. 51 455–500
Kruskal B 1977Three-way arrays: rank and uniqueness of trilinear decompositions, with application to arithmetic complexity and statistics
Linear Algebr. Appl. 18 95–138
Lackovic I and Stare Z 2007 Low-frequency dielectric properties of the oralmucosa 13th Int. Conf. on Electrical Bioimpedance and the 8th
Conf. on Electrical Impedance Tomography 17
Li L, Li X,HuH, ShinH andZhouP 2016The effect of subcutaneous fat on electrical impedancemyography: electrode configuration and
multi-frequency analyses PLoSOne 11 E0156154
Li X, Li L, ShinH, Li S andZhouP 2017 Electrical impedancemyography for evaluating pareticmuscle changes after stroke IEEE Trans.
Neural. Syst. Rehabil. Eng. 25 2113–21
Loughrey J andCunninghamP2004Overfitting inwrapper-based feature subset selection: the harder you try theworse it getsRes. Dev.
Intell. Syst.XXI 33–43
LuoX,Gutierrez PulidoHV, Rutkove S B and Sanchez B 2021 In vivomuscle conduction study of the tongue using amulti-electrode tongue
depressorClin. Neurophysiol. 132 683–7
LuoX, PulidoHVG,Rutkove S B and Sanchez B 2021 In vivomuscle conduction study of the tongue using amulti-electrode tongue
depressorClin. Neurophysiol. 132 683–87
MartinsenØG,Grimnes S and SveenO 1997Dielectric properties of some keratinised tissues: I. Stratum corneum and nail in situMed. Biol.
Eng. Comput. 35 172–6
Mcilduff C E, Yim S J, PacheckAK andRutkove S B 2017Optimizing electrical impedancemyography of the tongue in amyotrophic lateral
sclerosisMuscleNerve 55 539–43
MurdochC, BrownBH,HearndenV, Speight PMandD’ApiceK 2014Use of electrical impedance spectroscopy to detectmalignant and
potentiallymalignant oral lesions Int. J. Nanomed. 9 4521–32
Pedregosa F et al 2011 Scikit-learn:machine learning in Python J.Mach. Learn. Res. 12 2825–30
Rutkove S 2015Clinicalmeasures of disease progression in amyotrophic lateral sclerosisNeurotherapeutics 12 384–93
Rutkove S B, ZhangH, SchoenfeldDA, Raynor EA, Shefner JM, CudkowicsME, ChinAB, AaronR and ShiffmanCA2007 Electrical
impedancemyography to assess outcome in amyotrophic lateral sclerosis clinical trialsClin. Neurophysiol. 118 2413–8
Rutkove S B et al 2017 Electrical impedancemyography for assessment of duchennemuscular dystrophyAnn.Neurol. 81 622–32
Sanchez B,MartinsenOG, Freeborn T J and Furse CM2020 Electrical impedancemyography: a critical review and outlookClin.
Neurophysiol. 132 338–44
SchoolingCN,Healey T J,McDonoughHE, French S J,McDermott C J, ShawP J, KadirkamanathanV andAlix J J P 2020Modelling and
analysis of electrical impedancemyography of the lateral tongue Physiol.Meas. 41 125008
Schwartz S et al 2015Optimizing electrical impedancemyographymeasurements by using amultifrequency ratio: a study in duchenne
muscular dystrophyClin. Neurophysiol. 126 202–8
Shellikeri S, Yunusova Y,Green J R, PatteeG L, Berry JD, Rutkove S B andZinman L 2015 Electrical impedancemyography in the evaluation
of the tonguemusculature in amyotrophic lateral sclerosisMuscleNerve 52 584–91
Shellikeri S, Yunusova Y,Green J R, PatteeG L, Berry JD, Rutkove S B andZinman L 2015 Electrical impedancemyography in the evaluation
of the tonguemusculature in amyotrophic lateral sclerosisMuscleNerve 52 584–91
Sions JM, Tyrell CM,Knarr BA, JancoskoA andBinder-Macleod SA 2012Age- and stroke-related skeletalmuscle changes: a review for the
geriatric clinician J. Geriatr. Phys Ther. 35 155–61
Srivastava T,Darras B,Wu J andRutkove S B 2012Machine learning algorithms to classify spinalmuscular atrophy subtypesNeurology 79
358–64
SunT-P, ChingCT-S, ChengC-S,Huang S-H andChenY-J 2010The use of bioimpedance in the detection/screening of tongue cancer
Cancer Epidemiol. 34 207–11
Suthaharan S 2016 Support vectormachineMachine LearningModels and Algorithms for BigData Classification (NewYork,NY: Springer)
pp 207–35
Tomasi G andBroR 2005 PARAFAC andmissing valuesChemometr. Intell. Lab. Syst. 75 163–80
Tomik B andGuiloff R J 2010Dysarthria in amyotrophic lateral sclerosis: a reviewAmyotrophic Lateral Sclerosis 11 4–15
Xie P and SongY 2013Multi-domain feature extraction from surface EMG signals using nonnegative tensor factorization 2013 IEEE Int.
Conf. on Bioinformatics and Biomedicine (Piscataway,NJ: IEEE) pp 322–5
14
Physiol.Meas. 42 (2021) 105004 CNSchooling et al
